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Introduction
One of the most relevant and debated aspects of climate change deal with its impacts on the hydrological cycle, and, in particular, on statistical properties and seasonality of the precipitation, evaporation, runoff, and, consequently, on the discharge of the rivers. At present, the agriculture-based economies of South and Southeast Asia face serious challenges in ensuring the food security and economic well-being of 1.4 billion people due to their large dependence on the variable freshwater supplies and inadequate integrated water resources management (Lal et al., 2011) . South and Southeast Asia are hot spots of climate change and it is anticipated that the changes in the hydrological cycle will be quite serious in this region, providing further challenges to the existing water management problems, with potentially serious impacts on its socio-economical processes (IPCC, 2007) . Therefore, in terms of public policy, the water resource management and the defense from the hydrological risks cannot be decoupled from the climate change agenda (Ruelland et al., 2012) . As an example, considering the future water availability under the warmer climate while planning new water reservoirs can be long-sighted, keeping in mind the huge investment costs and the fact that the lifetime of these reservoirs is comparable to the timescale over which significant changes in the hydro-climatology of the region will manifest themselves clearly (Krol and Bronstert, 2007) . Hence, it is crucial for the policy makers and the regional actors to have high-quality information on the projected climate change and its implications for the water resources of the region.
Atmosphere-ocean coupled general circulation models (GCMs) are the most powerful tools currently being used by the scientific community for studying climate change and its impacts on the hydrological cycle (Fowler et al., 2007; Johnson and Sharma, 2009 ). However, a realistic representation of the hydrological cycle at both global and regional
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scale is indeed a complex task (Lucarini et al., 2008; Liepert and Previdi, 2012) , as non-trivial dynamics occur on a vast range of spatial and temporal scales, often smaller than those explicitly resolved by these models. Furthermore, GCMs feature problems of self-consistency in terms of conservation of water mass on global and regional scales which imply inconsistencies in their energetics (Liepert and Previdi, 2012; Lucarini and Ragone, 2011) . Therefore, it seems crucial to investigate the relevant processes in these models before their use in further analysis/applications. In this regard, we investigate whether the water balance of the PCMDI/CMIP3 (Third Phase of the Climate Models Inter-comparison Phase of the Program for Climate Model Diagnosis and Inter-comparison, see http://www-pcmdi.llnl.gov/; Meehl et al., 2004) climate models is closed for the major river basins of South and Southeast Asia (Indus, Ganges Brahmaputra and Mekong), pointing out inconsistencies of the individual models in detail, if any. CMIP3 models have been chosen for two reasons. First, we wish to define a benchmark for evaluating the performance of the new generation of GCMs (i.e. CMIP5), which have undergone extensive development and modifications, introducing higher resolutions, atmosphere and land use and vegetation interaction, detailed aerosols treatment, carbon cycle, etc. (Taylor et al., 2012) . Secondly, our focus on the CMIP3 is of direct relevance for most of the South and Southeast Asian downscaling communities and institutions involved in operational activities -e.g. the Pakistan Meteorological Department and the Global Change Impact Studies Centre (Pakistan), the Department of Hydrology and Meteorology (Nepal), the Indian Institute for Tropical Meteorology (India) and the National Climate Center of Thailand (Thailand) -which are currently using regional climate models nested into CMIP3 models.
As mentioned above, the regional water balance inconsistencies of the climate models may be one of the major causes of biases in their simulated regional-scale hydrological cycle. Provided that the water balance of the CMIP3 models is closed, it is relevant to examine their skill in representing the hydrological cycle over the region to get reliable estimates of their projected changes under the climate change scenarios. Although, several studies have been performed in this direction (Kripalani et al., 1997; Kang et al., 2002; Annamalai et al., 2007; Lin et al., 2008) , such studies mainly focused on the representation of the monsoon and its interaction with the westerly disturbances over the region. However, in order to adequately quantify the biases in the hydrological cycle, it is worth investigating its other aspects in addition to precipitation. Moreover, most studies (Arnell, 1999; Nijssen et al., 2001; Douville et al., 2002; Manabe et al., 2004; Hagemann et al., 2006; Nohara et al., 2006) presenting the observed/simulated water balance information are either on a global scale -thus not providing catchment-scale characteristics of the hydrological cycle -or always miss one or the other major South and Southeast Asian river basins.
Following Lucarini et al. (2008) , we believe that the verification and validation of GCMs should specifically be performed at a river-basin scale, through accurately calculating the most relevant hydrological quantities within the basin boundaries, in order to characterize the models' behavior within the naturally defined geographical units relevant for the water resource management. This allows for conducting reliable impact assessment studies, and subsequently their applicability for the informed decisions by the bodies responsible for the water resources management in the region. Thus, our present study tries to fill a gap by addressing the basin scale representation of the hydrological cycle by the individual/cluster of models, for all the major river basins of South and Southeast Asia region. Large inter-model variability is a major problem in ascertaining the reliability of future climate change projections. To summarize the output of multi-model datasets, a common approach is to take the arithmetic mean of the ensemble members and the standard deviation as a measure of spread (Houghton et al., 2001; Milly et al., 2005; Nohara et al., 2006) . The approach, originally developed for seasonal forecasting (Harrison et al., 1999; Fritsch et al., 2000) , has been extended to multi-model climate projections by weighting each GCM according to its performance for the present climate (Giorgi and Mearns, 2002) . However, considering the output of each considered climate model as an ensemble member is indeed problematic, for multiple reasons discussed in detail by Lucarini et al. (2008) and Liepert and Previdi (2012) and briefly summarized here: (i) there is no way to correctly assign weights to climate models in terms of their quality due to huge inter-model structural differences; (ii) climate models' output do not form a sample from any well-defined probability distribution. Moreover, GCMs feature systematic spatio-temporal biases. Therefore, taking the ensemble mean as the representative output from the multimodel simulations does not really take care of removing the inconsistencies or inaccuracies present in various GCMs, as no actual compensating effect coming from errors of different sign can be really invoked. These ensemble-mean based estimates can therefore be misleading for the impact assessment studies and consequently their use in spatial planning is questionable. In order to have a semi-quantitative evaluation of how well the ensemble mean is representative of the whole dataset of GCMs outputs, we introduce a simple indicator measuring the ratio between the spread of the models' outputs -defined as the difference between the largest and smallest value given by the various GCMs -and their arithmetic average.
The annual mean and the deviations from the long-term mean are calculated for hydrological observables such as the basin-integrated precipitation (P ), evaporation (E), P − E and runoff (R). We first considered the last 40 yr of the 20th century in order to verify whether the land modules of the climate models conserve water, and in order to assess the realism by comparing the simulated quantities with historical observations of precipitation and river discharges. Moreover, future changes for the same hydrological quantities for the last 40 yr of the 21st and of the 22nd centuries with respect to the 20th century are assessed by considering the SRES A1B scenario. The SRESA1B scenario (720 ppm of CO 2 after 2100) is chosen, as it represents the median of the rest of the IPCC scenarios in terms of the greenhouse gas forcing (GHG) (IPCC, 2007) .
Study region
The study region comprises four major river basins of South and Southeast Asia namely the Indus, Ganges, Brahmaputra and Mekong (see Fig. 1 ). The hydrological regimes of these rivers differ because their basins feature a great geographical and climatic diversity, including latitudinal and longitudinal extent, regional climate patterns, influence of nearby seas and desert, positions with respect to the Hindu Kush-Himalayan (HKH) range and presence or lack of extensive cryosphere. As a common ground, the hydrology of these basins depends on the moisture input from the monsoon system, with snow and glacier melt (rainfall) being extremely relevant at high (low) altitudes, particularly for the Indus and Brahmaputra basins. The eastern basins of the study area are comparatively wetter than the western basins because the monsoon rainfall dominates in the summer months in the eastern part and gets weaker on the western side with a time delay of some weeks. In the west, westerly disturbances drop moisture in the winter months mainly in the form of solid precipitation (Rees and Collins, 2006) . This effect is much weaker as we go east, because the Atlantic-Mediterranean storm track does not extend beyond the HKH (Bengtsson et al., 2007) . This fact is particularly evident from the significance of meltwater contribution, which is reported to be extremely important for the Indus, important for the Brahmaputra, modest for the Ganges and negligible for the Mekong basin (Immerzeel et al., 2010) . Table 1 summarizes the general characteristics of the four basins, whereas details of individual basins are discussed below. 
Indus Basin
The Indus originates from the Tibetan Plateau (China) and it drains through India, Afghanistan and Pakistan before its confluence to the Arabian Sea. The basin is divided into an upper and a lower part, at the point where the Indus River enters into the Tarbela reservoir in Pakistan. As discussed above, the basin hydrology is dominated by two main moisture sources, i.e. monsoon and western disturbances. The northwestern part of the basin -hosting maximum freshwater resources -is characterized by an increase in the observed precipitations (Archer and Fowler, 2004) and cooling temperature trends (Fowler and Archer, 2005) for the last few decades of the 20th century. However, ensembles of 13 and 17 CMIP3 GCMs project higher warming rates over this part than over the southern plains and against the respective global averages for SRESA2 and A1B scenarios throughout the 21st century (Islam et al., 2009 ). The average precipitation over the basin is estimated to be about 415 mm yr −1 (CRU, 2012). The precipitations are confined to the monsoon (July-September) and winter (December-March) seasons. Almost 80 % of the mean annual flows are confined to the summer months (April-September) with a peak in the month of August, due to snow and glacier melt as well as the monsoonal rainfall. During the winter (October-March), the river experiences low flow conditions. The average discharge into sea, measured at Kotri which is the last gauging site near the sea, is calculated to be around 40 mm yr −1 runoff equivalent for the period 1977-2000. Indus River is strongly anthropogenically influenced as roughly 80 % of its total surface water (i.e. 210 mm yr −1 or 258 km 3 yr −1 ) is diverted for irrigation and other purposes on annual basis (Laghari et al., 2012) . The agriculture sector consumes more than 95 % of such amount to ensure the food security and economic wellbeing of about 260 million people (CIESIN, 2005) . With 18 495 glaciers covering an area of 21 000 km 2 (Bajracharya and Shrestha, 2011) and 13.5% of average snow coverage , the Indus River has the highest meltwater index as compared to other South and Southeast Asian rivers originating from the HKH region. Based on a modeling study, Immerzeel et al. (2010) report that the normalized meltwater index for the Indus is 151 % of the total discharge naturally generated downstream. The index is calculated as a ratio between the volume of the upstream snow and glacier melt runoff and P − E naturally available downstream.
Ganges Basin
Originating from the Central Himalayan Range, the Ganges drains across Bangladesh, China, India and Nepal before its confluence to the Indian Ocean at the Bay of Bengal. The river is highly regulated with dams and irrigation canals right after it enters into the plains near Haridwar (Bharati et al., 2011) , usually for agriculture purposes. Agriculture has a share of almost 90 % of the available water to ensure the well-being of about 520 million people (CIESIN, 2005) . The hydrological regimes of the basin are dominated by the summer monsoon system. Almost 75 % of the annual precipitation occurs during the monsoon season (June-September). The mean annual precipitation estimated from the observed dataset CRU TS3.2 (CRU, 2012) Earth Syst. Dynam., 4, 199-217, 2013 www.earth-syst-dynam.net/4/199/2013/ is around 1125 mm yr −1 . The observational record indicates that the precipitation within the basin is by and large stable (Mirza et al., 1998; Immerzeel, 2008) . The mean flow for the period 1950-2008 is estimated as about 11 000 m 3 s −1 (345 mm yr −1 ) at the Hardinge Bridge, the last gauging site near the sea. These flows show large inter-annual and intraannual variability, featuring a decreasing trend which may further be attributed to the decreasing strength of the Indian monsoon (Webster et al., 1998; Jian et al., 2009 ) and/or some other factors. More than 85 % of the river flows are confined to the high flow period (July-October) with the mean maximum during late August due to the heavy contributions from the monsoonal rainfall and glacier melt. During the lean flow period (November-June), contributions mainly come from the snowmelt (April-June), winter rainfall and base flow. Glaciers number 7963 in total, which cover an area of about 9000 km 2 (Bajracharya and Shrestha, 2011) whereas the annual average snow cover is about 5 % only . A modeling study suggests a low meltwater index of 10 % for the basin (Immerzeel et al., 2010) .
Brahmaputra Basin
The Brahmaputra originates from the southwestern part of the Tibetan Plateau and drains through China, India, Bangladesh and Bhutan. The river is a lifeline for approximately 66 million people (CIESIN, 2005) . The basin hydrology is dominated by the influence of the monsoon system, whereas some contribution is also received from the western disturbances (roughly 10 %). The mean annual precipitation, estimated from the observed dataset CRU TS3.2 (CRU, 2012), is around 1350 mm yr −1 . The mean flow for the period 1956-2008 is calculated to be about 20 000 m 3 s −1 (1200 mm yr −1 ) at Bahadurabad, the last gauging site before its confluence to the Ganges River. The analysis of the observed discharge shows that more than 90 % of the flows are confined to the high flow period (April-early November) with a mean maximum during mid-July. The early rise of the hydrograph in the month of April may be attributed to the snow melt contribution reducing during the late spring or early summer, which is then compensated by the glacier melt. The monsoon rainfall starts couple of weeks earlier as compared to the Ganges basin (Webster et al., 1998; Jian et al., 2009) , spanning from late May to September. The lean flow period comprises the winter months only. In addition to 11 497 glaciers covering an estimated area of about 14 000 km 2 (Bajracharya and Shrestha, 2011) , the basin has 20 % of the annual average snow coverage . The Brahmaputra basin has a high meltwater index of 27 %, second in the region after the Indus basin (Immerzeel et al., 2010) .
Mekong Basin
Draining through China, Myanmar, Lao PDR, Thailand, Cambodia and Viet Nam, the Mekong is amongst the longest rivers in the world. The hydrological regime of the Mekong Basin primarily depends on the climatic conditions of the alternating wet and dry seasons. The climate is governed by the northeasterly and the southwesterly monsoonal winds. The mean annual precipitation ranges between 1000-1600 mm over the dry region of northeast Thailand to 2000-3000 mm over the wet regions of northern and eastern highlands, which accounts for an average of almost 1550 mm yr −1 as estimated from the observed dataset CRU TS3.2 (CRU, 2012). The observed precipitation record reveals that the narrow gorge of the northern Mekong basin receives the smallest amount of precipitation as compared to the remaining part. Almost 90 % of the annual rainfall is received under the southwest monsoon system between May and October (MRC, 2005; FAO, 2008) , whereas the dry season spans from November to April. The mean discharge is about 17 000 m 3 s −1 (650 mm yr −1 ) at Pakse gauging site near the sea. Almost 90 % of the annual discharge takes place during the high flow season (June-November) with a peak in the month of August, while the remaining 10 % during the low flow period (December-May). With only 482 glaciers covering an area of about 230km 2 (Bajracharya and Shrestha, 2011 ) and only about 3 % of the average annual snow cover , meltwater has a negligible contribution to the Mekong River. Eastham et al. (2008) suggest that for an extreme climate change scenario where all the glaciers vanish by 2030, the Mekong River would see an increase of only 80 m 3 s −1 to its average discharge of 3500 m 3 s −1 at the Chiang Saen site. The agricultural sector is the major consumer of the freshwater (Johnston et al., 2010) , being responsible for the food production, livelihood and economic well-being of almost 79 million people (CIESIN, 2005) .
Data and method

Datasets
Our analysis is based on the last 40 yr data of the 20th century climate reconstructions and of the 21st and 22nd centuries' climate projections based on the SRES A1B scenario runs of the AOGCMs (see Table 2 for details) included in the PCMDI/CMIP3 project (http://www-pcmdi.llnl.gov/). The SRESA1B scenario corresponds to a ramp up of CO 2 concentration up to 720 ppm in 2100, with an immediate stabilization of CO 2 concentration afterwards. It is widely considered as a reasonable, intermediate scenario for climate projections. We have extended our analysis to the projections of 22nd century climate for two main reasons. First, we wish to analyze the effects of 'committed warming' on the hydrological cycle on a longer timescale, when parts of the transient effects of increasing CO 2 vanish. Second, we believe that taking into account a longer time perspective is useful for the long-sighted planning and adaptation policies in the region. We have considered monthly values of the relevant climatic variables such as the total runoff (R), precipitation (P ) and evaporation (E). The evaporative fields have been reconstructed from the surface upward latent heat fluxes. Our investigations are restricted to 13 climate models for the 20th and 21st century climates, whereas only 10 models provide the complete datasets for R, P , and E quantities for 22nd century climate. Moreover, in order to understand the degree of realism of climate models in the reconstruction of the 20th century climate, we have considered the observed precipitation and river discharges for each basin. Regarding the observed precipitation, we consider the University of East Anglia Climatic Research Unit (CRU) Time Series (TS) high resolution gridded data version 3.2 (CRU, 2012). However, it is pertinent to mention here that due to the uneven spatial and temporal coverage of the used gauging stations, the presence of extremely non-homogenous terrain, the need for applying data quality control methods and the unavoidable uncertainties coming from the applied interpolation techniques, such gridded rainfall dataset may feature uncertainties which are hard to assess (Fekete et al., 2004; Yatagai et al., 2012) . Therefore, caution is needed when interpreting the results based on such gridded datasets. We also consider the historical observed discharges (D) for all the rivers at either the last or near-to-sea gauging stations (Indus at Kotri, Ganges at Hardinge Bridge, Brahmaputra at Bahadurabad, and Mekong at Pakse) depending on their data availability. The discharge data for the Indus is collected from the Water and Power Development Authority (WAPDA), Pakistan, for the Ganges and Brahmaputra from Jian et al. (2009) , and for the Mekong River from Dai and Trenberth (2002) .
Theoretical framework
Assuming that the water storage in the liquid and solid form is negligible in the column comprising a soil layer and atmosphere aloft when the long-term averages are considered (Peixoto and Oort, 1992; Karim and Veizer, 2002) , at any point of the land surface, the fields P , E and R satisfy the balance equation
where the subscript t denotes the temporal averages, and ∇ H · Q is the divergence of water in the atmospheric column. Spatially integrating Eq. (1) over an area A of the river basin, the hydrological balance can be written as follows:
where D is the observed discharge into the sea. Further details regarding the method and its suitability are discussed in detail by Lucarini et al. (2008) . Equation (2) is satisfied for the short-term storages, as the average time of water in the atmosphere is roughly 10 days, whereas routing time in the channels, snow accumulation and the groundwater storages range from month(s) to a season. Equation (2) also provides an excellent approximation for describing the hydrological balance of a river basin if t ≥ 1 yr, assuming negligible changes in the inter-annual mass balance of existing glaciers, or if the glaciers' mass balance gives minor corrections to the overall hydrological cycle. An overall small change is observed in the last decade for the mass balance of Karakoram glaciers (Scherler et al., 2011) , which is relevant for the Indus basin. Though a negative trend in the glaciers' mass is reported in the central and eastern part of the HKH, the overall correction due to this effect is rather small for the Ganges, Brahmaputra and Mekong basins due to their weak dependence on snow and ice melt contribution as discussed earlier. Therefore, Eq. (2) is appropriate for our case studies.
Yearly time series of the spatially integrated four variables (P , E, P − E and R) are computed for the considered time spans of 40 yr:
where β j , j = 1, . . . , 4 corresponds to each of the four variables mentioned above, and A denotes the area of each considered river basin. The long-term averages and standard deviation of the yearly values are computed using Eqs. (4) and (5).
Data manipulation
The mean annual time series of all the relevant variables defined in the gridded domain of the climate models are computed using Voronoi or Thiessen tessellation method (Okabe et al., 2000; Lucarini et al., 2008) in the GrADS (Grid Analysis and Display System) and GIS environment. The Thiessen tessellation method has been used to avoid any kind of interpolation, which may prevent the accurate computation of the volumetric quantities, usually along the perimeter of the study basin. The output has been projected to UTM (Universal Transverse Mercator) projection according to the central zone of each river basin, covering the relative maximum of the basin area. For the grid cells partially lying inside/outside the basin, only the fraction of area inside the basin has been considered to prevent water loss/gain. In this way, basin-wide integrated quantities are computed accurately. Similarly, inconsistencies between the land-sea mask given by GCMs and the basin boundaries exist as a result of the fact that each GCM has its own resolution whereas the basin boundary is mapped as the total area accumulating water to a common outlet. Differences are usually relevant for the coarse resolution GCM datasets. So any grid cell partially lying inside/outside the basin at the coastline must be checked regarding how it is treated in the land-sea mask of the respective GCM. When considering coastal areas, these cells are sometimes considered as a sea cell, with the result of featuring high evaporation and zero or missing runoff quantity. Including such cells in the computation can introduce significant biases and inaccuracies in the computed water budget. So depending on the particular GCM and its land-sea mask, basin-wide quantities require a careful post-processing. The adapted approach fits well for each model, despite their diverse grid resolutions. It is worth mentioning here that none of the studied climate models implements irrigation or water diversion schemes. Such management schemes are quite relevant for the studied basins, and especially for the Indus basin, to the point that its discharge at the mouth is extremely low. The substantial water diversion from the Indus basin does not allow the direct comparison of the simulated P − E and R with the observed discharge. In order to have at least an approximate comparison, we have estimated the natural discharge from the Indus basin -assuming no diversion within the basin -by summing up the measured discharges into the sea and the amount of runoff diverted for irrigation, industrial and domestic use. The summed up quantity is then transformed into its runoff equivalent. The total water diversion (170 mm yr −1 ) from the Indus basin is around 80 % of its mean surface water availability (i.e. 210 mm yr −1 ) (Laghari et al., 2012) . Hence, assuming no diversion within the Indus basin, the net volume of the natural discharge into the sea is roughly around 210 mm yr −1 runoff equivalent (or 170 mm yr −1 total diverted runoff within the basin + observed 40 mm yr −1 runoff equivalent being discharged into the sea). For the other basins, the effects of water management practices are much smaller in relative terms, so that it makes sense to compare the statistics of observed river discharge and of the integrated values of P − E and R as simulated by the models.
Results
Present climate
A first, important qualitative agreement among all models is that, in agreement with observations, the river basins become wetter as we move eastward, the basic reason being that monsoonal precipitation becomes weaker and weaker the further we move west. Table 3 provides the summary of the longterm means of the simulated basin-integrated hydrological quantities and their inter-annual variability. We discuss here basin-wise the details of our findings about the water balance consistencies and realism of the climate models for the 20th century climate. Figure 2a1 shows that most of the models conserve water at a basin scale within a good degree of approximation, regardless of whether their long-term averages of the spatial integral of P − E are realistic or not. However, two models (CNRM and GISS-AOM) have a simulated P − E higher than their respective simulated runoff quantities, implicitly showing that their land surface schemes lose water. On the other hand, two models (IPSL-CM4 and INMCM) show the opposite behavior, with simulated runoff larger than their respective computed P − E, showing a gain of water by their land surface schemes. These models feature serious water balance inconsistencies, which may introduce further biases to the regional climate simulations, hence providing unreliable estimates of their projections under warmer climate. In view of these systematic biases/inconsistencies, we suggest that the models should be investigated for relevant diagnostics before their use in further applications. Figure 2a2 shows the scatterplot of mean annual P − E against its inter-annual variability. Models largely differ with respect to each other for the inter-annual variability of P − E, ranging between 30-80 mm yr −1 . Similarly, models are not consistent with each other for their mean estimates of P − E, showing a very large spread of values across 10-350 mm yr −1 .
Indus Basin
As far as models' performance against realism is concerned, it is pertinent to mention here that, as discussed before, the Indus River is highly diverted for irrigation, industrial and domestic use, turning into almost a dry river, whereas GCMs used in the present study do not implement irrigation or water diversion at all. Hence, we compare the average basin-integrated value of P − E simulated by the models with the estimated natural discharge. Figure 2a2 shows the observed as well as the estimated natural discharge of the Indus basin in equivalent runoff units. Most of the models underestimate the mean P − E for the basin when compared with the estimated natural discharge. PCM shows the lowest value of about 10 mm yr −1 , suggesting almost equal amounts of average precipitation and evaporation, while CNRM model shows the highest value of mean P − E (almost 330 mm yr −1 ). The cluster of six models (CSIRO3.0, IPSL-CM4, HADCM3, INMCM, ECHO-G and CGCM2.3.2) around 70-100 mm yr −1 is relatively close to the observed mean annual discharge (i.e. 40 mm yr −1 ) which is of course not relevant as none of these climate models implement irrigation/diversion. Figure 2a3 shows that the main reason of underestimating the estimated natural discharge by these six models is the underestimation (overestimation) of observed precipitation (evaporation). On the other hand, three models (MIROC-HIRES, ECHAM5 and GISS-AOM) modestly agree on P − E with the estimated natural discharge as well as on the observed values of precipitation and evaporation. However, as GISS-AOM features a water balance inconsistency, we do not put much confidence on its performance, which may be a result of different biases cancelling out each other. The so-called ensemble mean is at 150 mm yr −1 with only HADGEM1 close to it.
Summarizing the above-mentioned, four models (CNRM, GISS-AOM, IPSL-CM4 and INMCM) do not conserve water for the Indus basin. Models show large differences for the mean P − E and its inter-annual variability. Most of the models underestimate the observed P − E mainly due to the underestimation (overestimation) of observed precipitation (evaporation). A few models (MIROC-HIRES, ECHAM5 and GISS-AOM) agree with the observed precipitation, evaporation and estimated natural runoff. Figure 2b1 shows that INMCM model features unphysical negative estimates of the basin-integrated P − E. This is mainly due to the reason that, in the arid and semi-arid areas of the basin, the model suggests a relatively high evaporation as compared to precipitation as well as no runoff (surface and sub-surface runoff) (not shown). This situation influences its basin-integrated P − E estimates, so that a negative value is obtained. This implies non-conservation of water mass with a substantial gain of "ghost" water by the land surface scheme of the model. The same model also substantially underestimates the observed precipitation. On the other hand, IPSL-CM4 has a vanishing value for the basin-integrated P − E, while the basin's runoff is positive (see Fig. 2b3 ). IPSL-CM4 also features the weakest precipitation among the studied models. The rest of the models show good agreement between the computed P − E and the simulated runoff within their associated statistical uncertainties, suggesting that their water balance is closed to a good degree of precision in this basin. (39) 294 (58) 905 (90) 477 (50) 435 (69) 1380 (203) 687 (34) 720 (201) 1597 (147) 762 (55) 863 (132) HADCM3 383 (78) 288 (37) 101 (56) 759 (117) 519 (54) 242 (62) 1485 (130) 754 (21) 742 (125) 1483 (125) 1077 (34) 406 (94) HADGEM1 497 (82) 342 (27) 171 (52) 951 (150) 556 (58) 430 (98) 2169 (110) 782 (15) 1418 (112) 1676 (158) 1063 (27) 653 (140) INMCM 332 (63) 259 (25) 120 (31) 490 (131) Models neither agree well for the mean annual P − E nor for its inter-annual variability (Fig. 2b2) . The interannual variability of P − E ranges between approximately 50-150 mm yr −1 . A cluster of six models (CGCM2.3.2, GISS-AOM, HADCM3, CSIRO3.0, PCM and ECHO-G) is centered at 60 mm yr −1 and a cluster of five models (CNRM, MIROC-HIRES, HADGEM1, INMCM and IPSL-CM4) is centered at 100 mm yr −1 . The GCMs outputs for the mean basin-integrated P − E do not agree with each other, showing remarkable spread; however five models Earth Syst. Dynam., 4, 199-217, 2013 www.earth-syst-dynam.net/4/199/2013/ (HADCM3, CSIRO3.0, PCM, CGCM2.3.2 and ECHO-G) form a cluster around 200 mm yr −1 , thus generally below the ensemble mean (∼ 260 mm yr −1 ). The observed mean runoff is around 350 mm yr −1 with a modest agreement from four models (GISS-AOM, HADGEM1, ECHAM5 and GFDL2.0). Among these, the latter three underestimate the observed precipitation, i.e. 1125 mm yr −1 (CRU, 2012) but slightly overestimate P − E against the observed discharge (i.e. 345 mm yr −1 ), indicating an underestimation of the observed evaporation, whereas GISS-AOM suggests an underestimation of P − E, P and E. Figure 2c3 shows that the ratios between precipitation and evaporation are different among the models. All models are in the range of 400-1500 mm yr −1 for precipitation against 300-900 mm yr −1 for evaporation. Most of the models tend to form a cluster for evaporation around 500 mm r −1 , showing a good inter-model agreement, however models underestimate the estimated value of observed evaporation.
Ganges Basin
Summarizing what described above, two models (IPSL-CM4 and INMCM) do not conserve water for the Ganges basin, with a substantial gain of water by their land surface schemes. Models show large differences for the mean P − E but modest agreement for its inter-annual variability. Most of the models underestimate observed P − E, which is mainly due to the underestimation of precipitation by these models. A few models (GISS-AOM, HADGEM1, ECHAM5 and GFDL2.0) show modest agreement with the observed runoff but underestimate the precipitation. It is noted that most of the models agree well on the fact that the Ganges is a relatively wetter basin than the Indus Basin. Figure 2c1 shows that two models (IPSL-CM4 and INMCM) feature water balance inconsistencies; while the climatology of the integrated value of P − E nearly vanishes, a small but positive runoff is realized. For all the other models, there is a good agreement between the mean simulated runoff and P − E within their associated statistical uncertainties, suggesting that their water balance is closed for the basin. Again, no model is close to the observed runoff of the Brahmaputra Basin.
Brahmaputra Basin
The inter-annual variability of the P − E shows good inter-model agreement as most of the models cluster around 120 mm yr −1 , except three models (ECHAM5, MIROC-HIRES and GFDL2.0), which show higher inter-annual variability (Fig. 2c2) . However, the overall spread of the inter-annual variability is large (i.e. 50-270 mm yr −1 ). Similarly, models do not agree with each other on the mean value of P − E, ranging from almost zero to 1600 mm yr −1 . Three models (IPSL-CM4, INMCM and ECHO-G) feature the lowest precipitation for the basin. Four models (CGCM2.3.2, CSIRO3.0, PCM and CNRM) form a cluster for P − E around 500 mm yr −1 but underestimate it against the mean observed runoff of approximately 1200 mm yr −1 .
Six models (CGCM2.3.2, CSIRO3.0, GFDL2.0, HADCM3, PCM and CNRM) form a cluster for precipitation around 1250 mm yr −1 , and nearly agree with the observed precipitation. Six models (CNRM, CGCM2.3.2, CSIRO3.0, PCM, HADCM3 and GFDL2.0) overall show a modest intermodel agreement for the simulated precipitation, evaporation and P − E as well as for the observed precipitation but these models underestimate the observed P − E due to overestimation of observed evaporation. On the other hand, four models (MIROC-HIRES, HADGEM1, GISS-AOM and ECHAM5) overestimate P − E of the basin with the latter one showing the highest value of more than 1600 mm yr −1 . These models also form a cluster for the precipitation, suggesting highest magnitude of it among the models but a substantial overestimation of it against the observations, i.e. 1350 mm yr −1 (CRU, 2012) . The HADCM3 and GFDL2.0 models are close to the ensemble mean, which is nearly 740 mm yr −1 . Figure 2c2 clearly shows large differences among the observed value (i.e. 1200 mm yr −1 ) and the ensemble mean quantity. It is observed that inter-model differences for P − E are generally attributed to the differences in their precipitation regime and overestimation of evaporation. This is also evident from the consistent behavior of evaporation among most of the models (around 600 mm yr −1 ), regardless of the huge differences among their precipitation.
Summarizing the above, two models (IPSL-CM4 and IN-MCM) do not conserve water for the Brahmaputra basin. Models largely disagree with each other on P − E but show modest agreement for its inter-annual variability. Most of the models underestimate P − E which is mainly due to the underestimation (overestimation) of their simulated precipitation (evaporation). There is an excellent agreement among the models for the Brahmaputra evaporation but our analysis suggests that the models overestimate it. Figure 2d1 shows that the water balance of almost all the models is closed within their associated statistical uncertainties for the Mekong basin. Figure 2d2 shows that most of the models modestly agree on the inter-annual variability of P − E around 100 mm yr −1 , except five models (GISS-AOM, ECHAM5, PCM, GFDL2.0 and HADGEM1). The spread of interannual variability of P − E is about 50-150 mm yr −1 . Models largely differ in terms of P − E, ranging from 200 to 830 mm yr −1 . Only five models (HADCM3, CNRM, IPSL-CM4, ECHO-G and CSIRO3.0) form a cluster centered at 460 mm yr −1 , which is also near the ensemble mean. The results show that most of the models underestimate P − E for the Mekong basin against its observed mean runoff of 650 mm yr −1 . This is mainly associated with the underestimation of precipitation against the observed value of 1550 mm yr −1 (CRU, 2012) . The underestimation of precipitation may attribute to the fact that the narrow gorge of the northern part of the basin does not fully encompass any coarse resolution GCM grid cell. However, the observed records suggest that the basin mainly receives its precipitation over the southern part of the basin (below 23 • N). Such a pattern has also been observed by the GCMs used in our study (not shown). Moreover, such a narrow northern part of the basin covers only the 5 % of the whole basin area. This fact, together with the relative dryness of such a region, makes us fairly confident that the insufficient grid resolution of this area cannot be the cause of the underestimated simulated runoff.
Mekong Basin
Two models (MIROC-HIRES and GFDL2.0) show the largest values of P − E mainly due to an overestimation of precipitation by the former and an underestimation of evaporation by the latter. There are only two models (HADGEM1 and CGCM2.3.2) which show good agreement with the observed P − E of the basin with slight underestimation. Figure 2d3 shows that this agreement is associated with the realistic evaporation but slight underestimation of precipitation by CGCM2.3.2 but overestimation of the both by HADGEM1 model. The figure also shows that in the case of the Mekong basin, the large spread in P − E is obviously associated with the large inter-model differences for both precipitation (1120-1900 mm yr −1 ) and the evaporation (760-1400 mm yr −1 ).
Summarizing the above-mentioned, almost all the models conserve water for the Mekong basin. Models largely disagree with each other on the mean P − E but show modest agreement for its inter-annual variability. Most of the models underestimate P − E, which is mainly due to the underestimation of their simulated precipitation.
Projected changes: 21st and 22nd centuries
Though GCMs' performance in simulating the hydrological quantities is not entirely satisfactory when comparing the outputs to observations, most models feature a consistent water balance. Therefore, it makes sense to investigate how future changes in the hydrological cycle at basin scale are described. In this section we present the results of projected future changes in the hydrological cycle of the four studied basins by CMIP3 climate models. Here, we present the future changes in the hydrological quantities for the latter part of the 21st (13 models) and 22nd (10 models) centuries relative to the latter part of the 20th century by considering the IPCC SRES A1B scenario (Table 3 ). We observe that going from west to east, GCMs agree qualitatively on the fact that the climate change seems to lead to the wetter and wetter conditions, thus reinforcing the already existing gradient of "wetness".
Indus Basin
The inter-annual variability of P − E does not change throughout the 21st and 22nd centuries for the Indus Basin (Fig. 3a) , whereas most of the models indicate a decrease in the mean P − E by the 21st and 22nd centuries, with a stronger decrease in the latter century. Interestingly, by looking separately at the changes in P and E, one can discover that the response of the various models is less similar than one would guess by looking at P − E alone. The negative change in P − E as simulated by two models (ECHAM5 and GFDL2.0), is due to the stronger decrease in the precipitation rather than in evaporation (Fig. 3a) . On the other hand, three models (CGCM2.3.2, CSIRO3.0 and ECHO-G) feature higher positive change in evaporation than in precipitation by the 21st century, and similarly, three models (CNRM, ECHO-G and CGCM2.3.2) by the 22nd century. MIROC-HIRES shows almost the same positive change for both evaporation and precipitation by the 21st century, so that its change in P − E is negligible. Five models (HADCM3, HADGEM1, PCM, CNRM and GISS-AOM) suggest a positive change in P − E by the 21st century, whereas four models (HADCM3, HADGEM1, CSIRO3.0 and IPSL-CM4) suggest a positive change in it by the 22nd century. However, two of these models (CNRM and IPSL-CM4) are largely biased with their water balance inconsistencies.
Ganges Basin
Most of the models project an increase in P − E as well as in its inter-annual variability by the end of the 21st and 22nd centuries. However, two models (IPSL-CM4 and IN-MCM) suggest a decrease in the mean P − E and its interannual variability for the both 21st and 22nd centuries (Fig. 3b ). Such models are affected by the water balance inconsistencies and therefore it is not clear how reliable their projected changes are in these hydrological quantities. ECHAM5 also suggests significant negative changes in P − E for the Ganges basin, which is associated with the negative (positive) changes in the precipitation (evaporation) for the 21st century and mainly with the positive change in the evaporation for the 22nd century. CSIRO3.0 shows a slight negative change in the mean P − E which is associated with the negative change in precipitation for the 21st and 22nd centuries. It also suggests a decrease in the inter-annual variability of P − E for the 21st century but no change in it for the 22nd century. On the other hand, PCM shows an increase in the mean P − E but a decrease in its inter-annual variability for the 21st century. Figure 3c shows that most of the models agree for a positive change in P − E. Only four models (IPSL-CM4, INMCM, ECHAM5 and CSIRO3.0) suggest a very small negative Earth Syst. Dynam., 4, 199-217, 2013 www.earth-syst-dynam.net/4/199/2013/ Fig. 3. (a1)-(d4 change in the mean P − E for both 21st and 22nd centuries. As for the Ganges basin, two of these models (IPSL-CM4 and INMCM) do not conserve water and behave quite differently from the rest of the models. Further investigation in terms of changes in the precipitation and evaporation reveals that the negative change in P − E suggested by ECHAM5 is due to the negative (positive) changes in its precipitation (evaporation). Similarly, for CSIRO3.0, this negative change in P − E is mainly due to a positive change in evaporation by the 21st century, and a relatively higher increase in evaporation than in precipitation by the 22nd century. For the Brahmaputra Basin, there is quite good agreement between models for the positive or no change in evaporation.
Brahmaputra
As far as the inter-annual variability of P − E is concerned, models agree well on almost no change in it by the 21st century, except ECHAM5 which suggests a decrease, and four models (GISS-AOM, HADGEM1, MIROC-HIRES and GFDL2.0) which suggest an increase. For the 22nd century, most of the models agree either on the slightly positive or no change in the inter-annual variability of P − E where ECHAM5 again suggests a decrease.
Mekong Basin
For the 21st century, all the models agree on an increase in the inter-annual variability of P − E, except six models (ECHO-G, HADGEM1, INMCM, HADCM3, MIROC-HIRES and CSIRO3.0), whereby the former two suggest a decrease but the latter four suggest almost no change (Fig. 3d) . Similarly, for the 22nd century, most of the models suggest an increase in the inter-annual variability of P − E, except six models (ECHO-G and CSIRO3.0, IN-MCM, CGCM2.3.2, GFDL2.0 and HAGEM1), whereby the former two suggest a decrease but the latter four suggest almost no change.
Generally, all GCMs suggest an increase in the basinintegrated mean P − E for the Mekong Basin, even if the agreement of the magnitude of such a change is modest, with HADGEM1 suggesting the highest increase and IPSL-CM4 anticipating almost no change by the 21st century. For the 22nd century, only INMCM shows almost no change for the mean P − E whereas only IPSL-CM4 shows a negative change. Two models (ECHO-G and CSIRO3.0) show an increase in the mean P − E but a decrease in its inter-annual variability. Figure 3d shows the projected changes in the mean precipitation and the evaporation for the 21st and 22nd centuries. Also in this case, we see that the diversity in the models' response is more pronounced than what could be guessed by looking at the change in P − E alone. For IPSL-CM4, there is a negative projected change in both precipitation and evaporation for the 21st and 22nd centuries. Three models (GFDL2.0, CSIRO3.0, ECHO-G) suggest almost no change while the other two (HADCM3 and HADGEM1) suggest a slight negative change in evaporation but a positive change in precipitation for the 231st and 22nd centuries. For the 22nd century, INMCM suggests almost no change in the precipitation as well as in the evaporation. The rest of the models feature an increase in the both precipitation and the evaporation, the former being stronger than the latter.
Discussions and conclusions
In this study we have analyzed how the hydrological cycle of four major South and Southeast Asian rivers (Indus, Ganges, Brahmaputra and Mekong) is represented by CMIP3 climate model simulations for the period 1961-2000 (present-day climate) and what future changes are foreseen by these models for the periods 2061-2100 and 2161-2200 under an intermediate warming scenario (IPCC SRES A1B scenario). We have focused on the basin-integrated values of P , E, P − E and R. The focus here has been on assessing how the climate models manage to simulate annual mean conditions over such periods. The inter-model agreement for the simulated hydrological quantities and their relevance to the mean observation is also assessed.
Models performance for the present-day climate
Conservation of water: our investigation has shown that most of the CMIP3 climate models are physically consistent in terms of their water balance (Eq. 2) for the studied basins, however a few models present serious deficiencies in conserving water at the basin scale, featuring additional water gain or loss. In particular, four models (CNRM, GISS-AOM, IPSL-CM4 and INMCM) feature water balance inconsistencies for the Indus basin and two models (IPSL-CM4 and INMCM) for the Ganges and Brahmaputra basins, whereas none of the models fails such a consistency check for the Mekong basin. It is generally found that the models having inconsistent water balance over a certain basin also show unrealistic behaviors. We therefore propose using the physical consistency of basic conservation laws as a selection principle (as also proposed by Liepert and Previdi, 2012) and to avoid the use of such models in further analysis or impact assessment studies for the respective basins, as they introduce an unphysical, uncontrolled bias which is impossible to disentangle from the variations induced by anthropogenic forcing.
Realism: results found in this study clearly reveal that the models having a consistent behavior in terms of the water conservation at the basin scale also may, firstly, disagree with the observations (runoff and precipitation) and, secondly, largely differ from each other, thus showing a large inter-model spread.
In fact for the Indus basin, three models (MIROC-HIRES, ECHAM5 and GISS-AOM) agree with the estimated natural runoff but these models overestimate the actual precipitation, thus the evaporation from the basin. For the Ganges basin, four models (GFDL2.0, ECHAM5, HADGEM1 and GISS-AOM) show a modest agreement with the observed runoff but underestimate the precipitation and evaporation. For the Brahmaputra basin, no model shows good agreement with the observed runoff. Our analysis also suggests that though there is a good agreement among the models for the Brahmaputra evaporation, models seem to overestimate it. For the Mekong basin, two models (HADGEM1 and CGCM2.3.2) show good agreement with the observed runoff with slight underestimation, which is associated with the realistic evaporation but slightly underestimated precipitation for the CGCM2.3.2 model, whereas an overestimation of both is made by the HADGEM1 model. Earth Syst. Dynam., 4, 199-217, 2013 www.earth-syst-dynam.net/4/199/2013/ Though the overall spreads for the inter-annual variability of P − E are large, most of the models show a modest agreement for all basins except for the Indus basin. For instance, six models (CGCM2.3.2, GISS-AOM, HADCM3, CSIRO3.0, PCM and ECHO-G) form a cluster around 60 mm yr −1 whereas five models (CNRM, MIROC-HIRES, HADGEM1, INMCM and IPSL-CM4) form a cluster around 100 mm yr −1 for the Ganges basin. For the Brahmaputra basin, most of the models form a cluster around 120 mm yr −1 whereas for the Mekong basins it is around 100 mm yr −1 .
The reason why CMIP3 models fail in simulating the mean P − E over the historical period 1961-2000 is mainly associated with the underestimation of precipitation. The remarkable uncertainty shown by the CMIP3 climate models in simulating the hydrological cycle of the studied basins is unavoidably linked to the deficiencies of these models in simulating realistically the summer monsoon (Turner and Annamalai, 2012) . This misrepresentation of the precipitation regime by CMIP3 models can partly be associated with their spatial biases of the Indian summer monsoon precipitation maxima which is shifted towards equator at 12 • N (Lin et al., 2008) . It is evident from the findings of Boos and Hurley (2013), linking an inaccurate representation of orography to a bias in the thermodynamic structure of the summer monsoon as represented by CMIP3 and CMIP5 models, which results in ensemble-mean negative precipitation anomalies over the Indian region. This is partially consistent with our results since, as explained, most of models tend to underestimate rainfall over the study basins. On the other hand, the large inter-annual variability found in P − E is mainly associated with the variability in the monsoon system, which is also influenced by its interplay with the mid-latitude circulation over the study region, as the westerly troughs can penetrate deeper and suppress the monsoon thermal contrast by the cold air advection over the monsoon dominated region which weakens the monsoon strength (Kripalani et al., 1997; Zickfeld et al., 2005) . This interaction causes the monsoon onset delays and also the breaks. The resultant variability in the P − E brings severe implications of the extreme wet and droughts conditions in the region. However, this interaction is not realistically represented by the models due to an inaccurate representation of topography, which is further constrained by their structural characteristics (e.g. resolution). These structural differences among models are possibly one of the major causes of the inter-model spread of the overall precipitation regime over the region.
We have found that the distribution of GCMs' results for the various considered hydro-climatic diagnostics do not look like a well-behaved uni-modal distribution, with data accumulating around a well-defined value. Instead, there is a large degree of inter-model variability and sparse clustering of models' outputs. This is evident, for example, when we look at the mean P − E for all river basins and particularly in case of the Brahmaputra and Mekong. In these conditions, we are of the view that considering the ensemble means of the relevant quantities for verification procedure, neither bears any robust statistical value nor any practical significance, and that the estimates relying on particularly the ensemble quantities can be quite misleading. Furthermore, it is crucial to report the results of the individual models in order to provide information of interest for those who work on statistical or dynamical downscaling. In Table 4 we report the value of a simple indicator, suggesting how peaked is the distribution of GCMs' outputs (for 20th and 21st century only). Such an indicator is constructed as the ratio between the ensemble spread, defined by the maximum minus the minimum (we loosely follow the suggestion by Judd et al., 2007) , divided by the ensemble mean. As we see, for most hydroclimatic variables, the value is larger than unity, the only exception being the basin-integrated evaporation and precipitation of the -very wet -Mekong basin. Therefore, it is apparent that the ensemble means tell only a very limited part of the story. Note that in all cases, the indicator is much higher for the quantity P − E than for either P or E (signal to noise ratio is lower for P − E), which also suggests that inter-comparing models on precipitation only, e.g. leads to underestimating the inter-model uncertainties in the hydrological cycle.
Projections for 21st and 22nd century climates
The analysis of the 21st and 22nd century, based on the CMIP3 simulations, shows a large spread of simulated hydrological quantities for all the four river basins, which prevents precise quantitative analysis. However, some unequivocal, clear trends emerge from the models' inter-comparison analysis. First, CMIP3 models generally show an increase in the precipitation and in the simulated runoff over the Ganges, Brahmaputra and Mekong basins under the SRESA1B scenario throughout the 21st and 22nd centuries (Fig. 3) . This is generally in agreement with the present knowledge of the effects of increased CO 2 levels in the South Asian summer monsoon (Cherchi et al., 2011; Turner and Annamalai, 2012) ; although a detailed understanding of how the monsoon will change under warmer climate still poses a great challenge to the climate science community. The monsoonal precipitation increase is associated with an increase in the thermal contrast between the Indian continent and the Indian Ocean as well as with the increase in the moisture content of the atmosphere even though the monsoon wind circulation should weaken in the future warmer climate (May, 2002) . Such increases in precipitations, however, might not necessarily correspond to the increases in the runoff or the water budget because of the anticipated higher evapotranspiration under warmer climate. Our study shows that most of the models predicting an increase in precipitation, predict an increase in evaporation too, although of a minor magnitude. Furthermore, the increase in P − E is generally associated with an increase in the precipitation of the CMIP3 models.
According to CMIP3 projections, the Ganges and Mekong basins will experience an increased variability in their P − E, thus indicating a possible increase in the frequency of extreme low-frequency dry and wet fluctuations. Understanding the future trends and the dynamical mechanisms involved in the extreme events associated with anomalous monsoon circulations will require more research since, in the light of recent extreme events in the area (e.g. the 2010 Pakistan flood) it is of high societal and political value. Going more into each specific case, no considerable change is found in the inter-annual variability of P − E for the Indus and Brahmaputra basins (range ±20 mm yr −1 for the 21st century and similarly for the 22nd century), with a robust agreement between most of the models.
A different scenario is found for the Indus basin, for which most of the CMIP3 models predict a decrease in the mean P − E (and so in the simulated runoff), but no change in its inter-annual variability (Fig. 3a) , thus configuring a remarkably different situation with respect to the other three river basins. Such contradictory results are due to the fact that its P − E is determined by a more complex atmospheric circulation, determined by both mid-latitude cyclones and summer monsoon. Almost half of the Indus basin precipitations, in fact, come from the winter snowfalls over the large HKH mountains due to the extra tropical cyclones originating over the Caspian and the Mediterranean sea at the easternmost extremity of the Atlantic and Mediterranean storm tracks (Hodges et al., 2003; Bengtsson et al., 2007) . The remaining part of the Indus basin precipitation is due to the summer monsoon system. The Indus basin area therefore, located at the border of these two main large-scale circulations, is indeed a challenge for the climate models to simulate its hydroclimatology realistically. Such complex meteorology does not allow us to say which of the two weather systems will be responsible for the increased dry conditions. In order to understand it, it is worthwhile to decompose the analysis further at the inter-seasonal scale to see how the hydrological cycle is represented at a seasonal timescale and which factors are responsible for the future changes in the relevant hydrological quantities. This is the subject of a companion paper. Furthermore, an important role in future climate will be played by variations in the snowfall over the HKH glaciers, which are mainly fed by winter mid-latitude cyclones, and by the effect of a warmer climate on such glaciers. Particularly in the present-day conditions, snowmelt and rainfall fluctuations are compensated by the glacier melt. But at the moment, it is not clear how this will change in the future. Therefore, it is crucial to analyze/project such behavior correctly in order to understand changes in the Indus basin hydrology. However, assessing the compensation of monsoon rainfall to the glacier melt is challenging. According to our present knowledge about the changes in the monsoon precipitation by the end of the 21st and 22nd centuries, future response of the glaciers to the runoff is also not very clear, especially for the Indus Basin, which has a large portion of its discharge dependent on the glacier melt in addition to the snowmelt. A modeling study suggests a decrease in the Indus basin runoff for the late spring and summer seasons after the period of rapid glacier melt (Immerzeel et al., 2010) , which actually depends crucially on how much monsoon precipitation compensates the melt runoff under the warmer climate.
Similar to the Indus, no change is projected in the interannual variability of P − E for the Brahmaputra basin by the 21st century, and only a slight increase by the 22nd century. This may be due to the fact that the basin receives almost 10 % of its mean precipitation under the western disturbances (mainly in the form of solid precipitations over the Himalayan Mountains). Under such a scenario, changes in the basin mean P − E and its inter-annual variability is strongly related to the changes in both the monsoonal precipitation over the Indian region (Cherchi et al., 2011; Turner and Annamalai, 2012; Stowasser et al., 2007) as well as in the western disturbances.
Finally, it is worth considering the significance of the ensemble mean in changed climate conditions and the relevance of inter-model uncertainties. One must note -see Table 3 -that when considering the 21st century projections (not the projected differences), the ratio between the ensemble spread and the ensemble mean increases with respect to the 20th century data for P , P − E and R for the Indus, Ganges and Brahmaputra (except R in the last river basin), suggesting increasing inter-model uncertainties for these hydro-climatological quantities, while such uncertainties decrease when considering evaporation, probably because it is better constrained by the overall pattern of increases of the surface temperature. Finally, in the case of the Mekong basin the inter-model uncertainties are much smaller than for the other rivers and smaller than in the 20th century data, thus suggesting better model agreement in warmer conditions. This provides further caveats for using ensemble averaged quantities in such complex dynamical contexts.
